Assessing Survival Forests for Prognosis Based
on Gene Profiles

Thu M. Hoang, Université René Descartes
Van L. Parsons'?, National Center for Health Statistics

Abstract

Combinations of survival regression trees called survival forests (SF) applied to micro-
array data provide both prediction of individual survival functions and the corresponding
ranking of variable importance although without assessment. A basic question is whether
a particular SF design and the gene ranking can be attributed to chance alone. For small
data sets we propose the use of permutation tests as a way to assess SF, its goodness of
prediction and to test the significance of the genes identified as prognostic markers.

1 Introduction

DNA microarrays are a potentially powerful technology for improving prognostic assessment
in view of individualized treatment. However this technology delivers very high dimensional
noisy data that demand new approaches of statistical analysis to bring patterns to emerge
without falling into pitfalls such as overfitting that result in false leads and erroneous
conclusions.

A common way to do prognostic analysis using gene profiles is to first cluster samples
into classes based on gene expression and perform standard survival analysis to the identified
clusters so that genes influencing survival may be uncovered. Alizadeh et al. [1] considered
the taxonomy of diffuse large B-cell lymphoma (DLBCL) derived from two-way clustering
of genes into functional groups and samples into classes based on gene expression. They
demonstrated the existence of two DLBCL patient subgroups with differential survival and
showed that this molecular dissection of the disease and the clinical International Prognos-
tic Index identify different features that influence survival. Using hierarchical clustering on
31 cutaneous melanoma ¢cDNA microarrays Bittner et al. [2] identified two groups showing
a difference in survival - although not statistically significant (p-value=.13) due to small
sample size (n=15) and low event rate (7 deaths). Using hierarchical clustering on oligonu-
cleotide microarrays data, Ferrando et al. [9] identified previously unrecognized molecular
subtypes of T-cell acute lymphoblastic leukemia (T-ALL) and showed that activation of
the HOX11 oncogene confers a significantly better prognosis as compared to expression of
TAL1 and LYL1 oncogenes in terms of patients’ survival.

Due to a possible high degree of dependence of the results on the choice of the clus-
tering algorithm, one might not be able to draw valid biological based conclusions for the
observed groups. An alternative strategy is then to directly analyze patients’ survival using
gene expression profiles as features. Standard method for survival analysis is Cox regres-
sion assuming proportional hazards. Violations of this assumption in certain applications,
conceivably post-genomic analysis of survival based on gene profiles, has led to alternative
approaches such as tree-structured survival analysis [19][20][18], neural networks [13],[22]
and recently bagging survival trees for increased efficiency [6][14][15] [16].
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Breiman (2002 Wald lecture [6]) has suggested combinations of survival regression trees
called survival forests (SF) for estimating survival functions and importance. Here, a sur-
vival tree is grown using a bootstrap sample, and an ensemble of trees is created over many
such samples. This ensemble of trees can then be used to estimate survival and infer prog-
nosis for new observations; A new case can be run through the ensemble of trees to obtain
an averaged survival function, which in turn gives survival prediction.

In current clinical practice prognoses are based on clinical variables (such as age, health
status, size and morphological characteristics of the tumor). While SF can be applied to
gene profiles to improve prognostic analysis, the distribution theory of resulting statistics
seems intractable. In practical applications, the making of inference based upon a small
sample realization becomes problematic. A basic question is whether the SF design and
resulting statistics can be attributed to chance alone. We propose the use of permuta-
tion tests as a way to determine significance of the SF performance in assessing both the
fit/prediction, and the variables importance. We also propose new assessment statistics for
SF, and illustrate the techniques by analyzing T-ALL data previously studied by Ferrando
[9, 23].

2 Survival Forests

We only provide some highlights of SF, and refer the reader to Breiman [6] for additional
details. For a random survival time, T'(x), depending on a covariate vector x, define the
hazard function at time ¢, h(t,x), and the survival function, S(¢,x), by

(T(

h(t,x) = T(x) €
(T(x)>t) = exp(f/o h(r,x)dT)

P (t,t 4 dt)|T(x) > t)/dt
S(t,x) = P
= exp(—H(t,x))

The data consist of N independent survival times, but subject to random independent
right censoring. Such a sample will be represented as (x;,t(x:),¢i),i = 1,2, ..., N where
¢i = 1 (0) if the survival outcome is observed (censored). A survival regression tree can
be grown using maximum likelihood to define splitting rules on time or covariates. The
terminal nodes return the levels of a step function that estimates the hazard h(¢,x).

While a single tree can be constructed from all the data, estimates based upon single
trees may be unstable (e.g., see [13]). For classification and regular regression Breiman [4] in-
troduced the ensemble technique based on bootstrap, called bagging (bootstrap aggregating).
Similarly for survival data in presence of censoring Breiman proposes to use a bootstrap
sample to create each survival tree and then average over many such trees, hence the name
forest, in the hope of reducing variability and improving accuracy. Buhlmann and Yu [7]
provide theoretical discussion of bagging.

Here, bagging requires a bootstrap sample of size N from the original N data points to
be selected and a survival tree grown. Denoting a single bootstrap sample as b, for each
out-of-bag observation (oob), i.e., a case not used in the bootstrap sample, the covariate
Xoob 18 put through this single tree to get an estimate of the survival curve, Sy(t, Xoob).
The bootstrap sample serves as a training set, and training over many bootstrap samples
obtains the corresponding trees. The averaged survival function estimated for all the oob
cases is de facto a test set estimate. If an independent test set is also available, for each new
observation the covariate Xnew can be put through all the trees to get an estimate of the
individual survival curve S (t,Xnew). For a single bootstrap sample and out-of-bag x the
survival tree will produce an estimator of the cumulative hazard, flb(t, x), and the survival
function Sy (t,x) = exp(—Hy(t,x)) at selected time points. The aggregated estimators of
S and H are S(t,x) = > beBy Sy(t,x)/|Bx| and H(t,x) = > beBy Hy(t,x)/|Bx|, where for
each x, Bx = {b: x is an 0ob case} and |Bx| = number in Bx. Using only the oob cases
reduces overfitting.



Hothorn et al. [16] considered bagging survival trees based on the LeBlanc and Crowley
method [20]. For a new observation Xne, their method provides the estimated survival
curve by computing the Kaplan-Meier curve of all observations identified by the terminal
nodes containing Xpeq -

3 Tuning SF

We have observed that for small data sets some additional tuning of the original algorithm
may improve the results [14, 15].

The impact of tuning is highly data specific, but one tuning parameter we added to
the original algorithm turned out to frequently lead to results as accurate or better than
the original algorithm, but with less computational time. This parameter is the number
of covariates selected for determining a node split. Recall in random forests [5] the best
split at each node is chosen from m randomly selected predictors from the original set of
k predictors independently from node to node. This randomization reduces the correlation
among the trees, but maintains the strength of each tree’s predictive capability. Random
forests requires computing time o /mN log(N) X number trees, that is a reduction by a
factor \/? when m is used in place of k. We include random subset selection of covariates
in the design of a SF.

Another tuning parameter is the probability ps to split along the covariate or the time.
Breiman suggested ps > 0.50. If p; = 1, i.e., the covariates are not used for prediction,
optimization works on time alone, and the estimators S (t,x), while distinct, show little
variability from curve-to-curve. If p, = 0, the tree growing optimizes on the covariates x
alone, and the curves S (t,x) are based upon a hazard function that is constant in time.

4 Goodness of prediction

The original focus of SF was upon prediction with some corresponding error estimate.
For assessment Breiman used only uncensored times. Such approach could lead to biased
evaluation when censoring is high. We consider two measures that use both censored and
uncensored observations.

Brier integrated score adjusted for censoring. Graf et al. [11] suggest
introducing a survival status variable, 0 or 1, with adjustments for censoring to get more
accurate evaluation than those obtained by using just the noncensored cases. If S(¢|x) is
the probability of the event T'(x) > t, the quality of this prediction adjusted for censoring,
can be evaluated by using the Brier mean squared error scores

Bs(t) = %Z (S(t\xi)ﬁw e Glt) ™+ (1 - S(t\xa)zltm@(t)‘l)

where ¢ > 0, t; are observed times, and G(t) the Kaplan-Meier estimate of the distribution
of the time to censor assumed free of x. If all ¢; = 1, then G = 1, and the above is the
traditional mean square error. The integrated Brier score for global assessment is

max(t;)
B[ = / Bs(t)dt/ max(ti).
0

Usually assessment relies on cross-validation or independent test sets. However in small
samples, observations are too precious to be set apart for such assessment scheme. In
that case the bootstrap sample serves as the training set and the oob observations as a de
facto test set. While S’(t|x) is only based on those trees where x is oob there remains some
dependency among the S (t|x) over the different x since recurrent bootstraps will eventually
cover the whole data.



Brier integrated scores may be evaluated for the individual survival curves generated
from a SF, S(t,x;), the average curve, S(t,.) = SV, S(t,x;)/N and the Kaplan-Meier
estimator. Ratios of the former to either of the latter two scores should be less than one to
signify an impact of the covariates. The ratio of the latter two should be about one since
the average of the individual curves should be close to a population estimate.

Harrell c-index. The c-index [12] is the proportion of predictions that are concordant
out of all pairs of observations for which ordering of the survival times can be determined.
Pairs are ignored if the ordering of the true outcomes cannot be determined, i.e., both are
censored, or one is censored at a time before the other’s event. Thus, this measure uses
both uncensored and censored survival times. It ranges from 0 to 1, and equals 0.5 for the
constant predictor. A c-index near 0.5 means that the model is not predictive while a c-index
near 1 indicates that the model is highly predictive. From each curve several predictors
may be derived, e.g., means, medians, or probability of survival at a time threshold, and
a c-index computed for each of them. It is a generalization of the ROC index to censored
data.

5 Permutation tests to assess SF

If the c-index > 0.5 or if the Brier score for SF survival curves shows improvement over
its counterpart for the Kaplan-Meier curve, one may like to determine its significance in
relation to a “null” standard. As of present, SF does not offer provision for hypothesis
tests.

5.1 Global Test of Exchangeability

The idea is to compare SF statistics to counterparts obtained from simpler “no-covariate”
models, e.g., the Kaplan Meier estimator, or a survival forest using only time as a split
variable, i.e., ps = 1. One way to do so is to call upon conditional permutation tests under an
hypothesis of exchangeability to evaluate the significance of SF statistics. See Good [10] or
Pesarin [21] for a general discussion. While a global null hypothesis Hy : h(t|x) = h(t), h free
of x is of interest, we must consider a similar albeit stronger hypothesis of exchangeability
which is amenable to permutation tests.

Consider N observations, labelled i = 1,2, ..., N with associated covariate vector x; and
the survival response (t;, ¢;). The exchangeable hypothesis H§ assumes that the distribution
of (xi, (t;,¢i;)) is invariant in any permutation (1,2, ...in) of (1,2,... N). In a practical
sense, it means that x provides no information about survival.

This hypothesis however strong may help quantify the orders of magnitude for test
statistics derived from SF for small samples such as the Brier score or the c-index. If
f(x,(t,¢)) is a statistic we can generate its H§ distribution by permuting the (ti,¢;)’s
but keeping x; fixed. For each permutation, say m, a complete forest is grown and the
statistic f(x,7(t,¢)) computed. Its empirical distribution is obtained over a large number
of permutations and can be used to gauge the magnitude of f(x, (,c)). Extreme values of
the statistic provide evidence against null hypothesis of exchangeability.

5.2 Permutation Tests for Selecting Important Variables

Important variables for survival To study the relation of a covariate component
xp with survival, Breiman suggests looking at the correlations, p, of z, with an estimator
of the cumulative hazard, H(t|x) = —log(S(t|x)) for select time points. Call its estimator
p(t, ) := p(H(t|x), ;). Breiman only considered uncensored survival times, but for small
samples where these times appear skewed, censored times can be included for evaluating
H (t]x).

In studies with large numbers of covariates, the many relations among covariates may
result in many large absolute estimates of (¢, zp). To evaluate their significance, we propose



computing the distribution of (¢, z,) under the exchangeability hypothesis, Hg, and using
2-sided asymmetric p-values of the observed correlation pops, i.e.,
2 min(PHg (p(t,zp) < Pobs), 1 — P (p(t, zp) < Pobs)) to allow for eventual skewness.

Small p-values mean evidence against Hg, but the ordering of p-values does not neces-
sarily rank the covariates. Care must be exercised in assessment.

Multiple hypothesis testing In the past decade methods that improve upon the
highly conservative Bonferroni procedure and implicitly incorporate the dependence struc-
tures of the test statistics have been developed. Dudoit et al [8] give a comprehensive
discussion. Table 2 in that reference provides assumptions needed to apply some of the
newer methods. Given the success of using the step-down min P and max T methods with
permutation t-type tests, we had hoped they could help distinguish important covariates
based upon j(t, zp). Unfortunately, for the T-ALL example and most likely for many mi-
croarray data sets with concurrent survival information, the null structure did not conform
with the needed assumption of subset pivotality. It appears that only the more conservative
procedures may be adapted for multiple testing.

5.3 Limitations on permutation tests

Hsing et al. [17] addressed issues as to whether permutation p-values of error estimates
are informative in comparing different classifiers. For models much simpler than SF, they
found that p-values are slowly increasing functions of the error estimates, and close to 0
and somewhat flat for small or moderate error rates. Thus, relating the magnitudes of error
estimates to p-value may be problematic in practice. Hsing concluded that it is possible
for p-values to be less informative than the error estimates. Our results for SF applied to
T-ALL microarray data are consistent with Hsing’s observation.

Here the tuning parameters m and ps were selected using the Brier score and c-index.
However of moderate utility for designing a SF the permutation tests help in providing
quantitative assessment of covariate importance after the tuning parameters have been se-
lected. While the permutation statistics seem reasonable, their power has not been studied.

6 T-ALL Example

To demonstrate the techniques of the sections 4 and 5 to help choosing m, and ps, and to
select significant genes for survival prediction we applied to T-ALL data from Ferrando et
al. [9]. The data consisting of 39 T-ALL samples were analyzed with both DNA microarray
(Affymetrix HU6800 with 7129 probe sets) for the global patterns of gene expression and
RT-PCR (reverse transcriptase polymerase chain reaction) for expression of single genes.
RT-PCR detected 29 samples with aberrant expression of the oncogenes HOX11, LYL1 or
TAL1, and 10 without detectable expression of these oncogenes. By permutation tests
Ferrando et al. obtained 72 genes whose expression patterns best distinguished the 4
phenotypes. Then using these genes they clustered the samples and identified 3 main
tumor classes and 2 tumor subclasses. When estimating Kaplan-Meier survival curves for
the cases within each cluster Ferrando et al. obtained similar results for both the RT-PCR
and micro-array methods. A follow-up of this study [23] considered the role of cyclin D3 in
leukemogenesis and reanalyzed the differential expression of the genes clustered with cyclin
D3 in k-nearest neighbor clustering. In our analysis we concatenated the two lists of genes
derived from the two analysis to get 79 genes.

Ferrando et al. did not use the survival times to select the genes. A secondary check
on 79 univariate Cox regressions for the 39 samples found 41 of the selected genes had
significance greater than 0.25, thus confirmed that the preliminary selection was indepen-
dent of the survival. The censoring rate is high, thanks to good prognosis of T-ALL in
children. Only 12 survival times were uncensored and the 13 largest times were censored.
Furthermore, 4 survival times were 0 which we recoded by adding 1 month.



For our analysis the intention was to start with the 39 subjects and 79 genes and let
SF separate the individuals by survival curves and separate the genes by the correlations
p(t,zp). Since the purpose of this research is to gain a better understanding of the per-
mutation tests for assessing SF we do not attempt to make any final substantive biological
inference.

6.1 Designing SF

SF’s were grown with 100,000 bootstraps, m = 1,2,4,8, 16,24, 32,64, 79 for random selec-
tion among the 79 genes and p, € [0.10,0.90]. For each m, the same bootstrap sample was
used to reduce sampling variability when making comparisons among the tuning parame-
ters. Several modifications to the original algorithm were made, but we will restrict our
discussion to the two parameters, m and ps, that seem to have the broadest applications.
A comparison of the Brier scores and c-indexes for different choices of (m, ps) showed no
distinct optimal values, but intervals of optimal performance. Selecting m € [8,24] and
ps € [0.30,0.50] resulted in somewhat flat Brier scores and c-indexes. Designing SF was
robust with respect to the choice of (m, ps). In practice, m = 16 and ps = .5 seem adequate.

Estimating the null distribution of a statistic requires a large number of SF’s to be
simulated, each based upon a permutation of the survival and censored times. To grow
1000 distinct forests for a fixed m we reduced the number of bootstraps per forest to
20, 000.

The p-values were rather flat in the parameter ranges considered above, and p €
[0.015,0.02] for the Brier scores, p &~ .06 for the c-indexes at time points 36, 60 and 142
months, and p &~ .15 for the c-index at 12 months. Overall, they suggest modest significance
of the Brier and c-indexes values when compared to a “null” standard.

6.2 Selecting significant genes for T-ALL survival

Once the evidence against H§ is acquired, the next step is to determine which genes have
influence on survival. Significance of p(t,z;,) at time points 12, 36, 60 and 142 are given
in Table 1. A positive sign for p means a positive association with hazard. As mentioned
earlier, no adjustment for multiple testing has been used, and care must be taken in any
comparison of the p(¢,zp,)’s by magnitude or p-value ordering. While p(t,z,) is a “stan-
dardized measure” the marginal null distributions appear quite distinct and joint inference
becomes difficult. It is of interest to see that some genes are related to survival across
the whole time range, notably genes 52 and 32, while others are important for long term
survival such as genes 07 and 48. For comparison, the asymptotic p-values from univariate
Cox regressions have been included. Note that the values of (¢, zp)’s agree in sign with the
Cox results. Some genes appear significant for the SF model but not Cox model, e.g., gene
49 which turned out to be expressed in the HOX cases known to have better prognosis.

7 Discussion

We have demonstrated techniques for assessing fit and making inference when using SF on
small sample problems. The Brier integrated score and c-index are useful in tuning and
assessing SF for goodness of prediction. SF performance appears robust with respect to
tuning parameters : changes in tuning result in little change in the fit and prediction.

In fitting models or establishing important variables, the significance of an observed
statistic by chance alone is often of interest. We suggest using p-values generated from
permutation tests for SF. For model selection our results are consistent with previous obser-
vation by Hsing et al. that p-values may be less informative than error measures. However,
p-values can provide the coarse information whether a model is unlikely by pure chance.
The p-values for j(t,zp) appear more informative. SF curves produced with many highly
correlated predictors will have many large |p(¢,zp)|, and the p-values may help to sepa-



Table 1: The most important genes for the hazard or the survival at 4 selected time points
according to p-value of (¢, z,) with significance level at 0.05. A positive sign indicates positive
correlation with hazard, and a negative sign indicates positive correlation with survival.

gene |t =12 t =36 t =60 t =142 Cox
p p-val p p-val p p-val P p-val | p-val
52 0.67 | 0.003 | 0.69 | 0.001 | 0.69 | 0.001 0.69 0.001 | 0.02
32 0.75 | 0.005 | 0.80 | 0.001 | 0.80 | 0.001 0.81 0.001 | 0.06
16 -0.53 | 0.023 | -0.54 | 0.021 | -0.55 | 0.019 | -0.56 | 0.017 | 0.07
18 0.65 | 0.029 | 0.66 | 0.031 | 0.68 | 0.023 0.69 0.011 | 0.03
51 0.39 | 0.035 | 0.43 | 0.031 | 0.42 | 0.039 0.42 0.045 | 0.06
66 -0.46 | 0.037 | -0.50 | 0.023 | -0.51 | 0.025 | -0.51 | 0.029 | 0.00
49 -0.38 | 0.041 | -0.42 | 0.029 | -0.43 | 0.027 | -0.44 | 0.029 | 0.75
61 0.52 | 0.043 | 0.58 | 0.019 | 0.56 | 0.033 0.54 0.043 | 0.26
44 049 | 0.045 | 0.52 | 0.031 | 0.51 | 0.031 0.51 0.033 | 0.31
19 0.49 | 0.053 | 0.55 | 0.023 | 0.55 | 0.027 0.54 0.037 | 0.06
56 0.66 | 0.069 | 0.64 | 0.095 | 0.68 | 0.063 0.69 0.043 | 0.02
07 0.62 | 0.081 | 0.67 | 0.031 | 0.67 | 0.031 0.67 0.033 | 0.03
48 0.62 | 0.097 | 0.71 | 0.019 | 0.70 | 0.037 0.68 0.047 | 0.20
27 0.51 | 0.117 | 0.62 | 0.033 | 0.61 | 0.043 0.60 0.053 | 0.00

rate them. The null distributions, however are not necessarily comparable, and currently
available less conservative multiple testing procedures do not seem directly applicable.

As discussed earlier, SF computing time is o« /mN log(N) X number trees. Practical
computing constraints may limit the feasibility of using permutation tests whenever any of
the three components grows large in size.
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